Abstract: Several patients are no longer able to communicate effectively or even interact with the outside world in ways that most of us do it. For instance, severe cases astetraplegic or post-stroke patients are literally 'locked in' their bodies, unable to exert any motor control after a spinal cord injury or a brainstem stroke, requiring alternative methods of communication and control. However, in the near future, their brains may offer them a way out. EEG-based braincomputer interface (BCI) is the technique utilized to measure brain activity and by the way that different brain signals are translated into commands that control an effector (e.g., controlling a spelling system via eye movements). Here,we aim to review the basic concepts of EEG-based BCI and the main advances in communication, in motor control restoration and in downregulation of cortical activitythat seem to be relevant for clinical applications in the coming years forneurorehabilitation of severely limited patients. It allows brain-derived communication in patients with amyotrophic lateral sclerosis and motor control restoration in patients after spinal cord injury and stroke. In addition, epilepsy and attention deficit and hyperactive disorder patients were able to downregulate their cortical activity. Owing to the rapid progression of EEG-based BCI research over the last few years and the swift ascent of computer processing speeds and signal analysis techniques, we suggest that emerging ideas related to clinical neurorehabilitation of severely limited patients will generate viable clinical applications in the near future.
INTRODUCTION
The natural form of any communication or control requires the proper functioning of peripheral nerves and muscles.Any damage to them results in severe motor disabilities and thus requires alternative means of communication and control. Because, patients with damage to their nerves and muscles are unable to use effective means of communication which require voluntary muscular control. Several studies over the past two decades indicate that scalp-recorded electroencephalogram (EEG) activity can be the basis for such non-muscular communication and control systems, commonly called brain-computer interfaces (BCIs) [1] [2] [3] [4] [5] .
EEG-based BCI is a communication system that extracts specific features online and automatically from EEG signals that can be detected on the scalp, and uses these to operate external devices, such as damage, such as spinal cord injuries and stroke, and epilepsy and attention deficit and hyperactive disorder (ADHD), resulting in substantial deficits in communication and motor function [7, 13, 19] .
Thus, the potential utility of BCI for severely limited patients' applications will be to provide alternative and supplemental control to communication, motor control restoration, and down-regulation of cortical activity. With this in mind, the present paper reviews both basic concepts (main elements and types of BCI) and presents the main advances in communication, motor control restoration and down-regulation of cortical activity, which appear to be relevant for clinical applications in the coming years, particularly in the context of rehabilitation of severely limited patients.
MAIN COMPONENTS OF BCI
BCI can measure the electrical activity of the brain, process it, and produce control signals that reflect the user's intention. Several elements must be considered when designing a BCI system (Figure 1) . The first step is designing an appropriate experimental protocol to suit the application and the environment in which the BCI will be used. This protocol includes a choice of mental task, stimulus parameters (e.g., visual stimulus timing and constraints), and minimization of unwanted stimuli and distractions that may affect the properties of the signals to be monitored.
The second step is establishing the type of feedback to be sent to the user, although this step is not yet done explicitly in many BCIs. Further, although we do know that the user adapts to the entire system and that the device's response plays a role in this process, user adaptation mechanisms in the context of BCIs have only recently become a topic of investigation [20] [21] [22] [23] [24] [25] . These studies have shown that not only good performance can lead to an achievement of BCI system control but also a poor performance can lead to achieved control, by co-adaptation of the user and the system [25] .
Finally, the last step is choosing the best EEGbased BCI, which will be chosen based on how the brain activity is recorded, how subjects are trained, how the signals are translated into device commands, and which application is provided to the users.
Mental Strategy
To control a BCI, a subject needs to engage in mental activity. This mental activity must reliably be reflected in measured EEG signals on the scalp. Moreover, because a sophisticated brain-based control system requires multiple possible control signals, a subject must be able to engage in multiple mental activities that can be distinguished quickly on the basis of corresponding brain activities [26] . But not all mental activity can give rise to such sustained, stable, and controllable brain signals. Certain strategies for mental processing work better than others, and work has been done to evaluate which mental tasks can be used in BCIs [27] .
The most widely used mental tasks are motor imagery (MI) [28] focused visual attention [29] and operant conditioning [6, 16] . A widespread approach uses MI of different parts of the body [30, 31] . Because of the somatotopic organization of the primary motor cortex, imagined movements cause characteristic spatial activation patterns that are distinguishable by classification algorithms and, therefore, can be used to control an external effector by voluntary modulation of the amplitude of different frequency bands, mainly mu or beta bands [14, 32] .
Another group of approaches uses focused visual attention (self-regulation of brain-activity), which can be learned by neurofeedback training. The voluntary upand down-regulation of slow-cortical potentials [33] via an arbitrary subject-dependent strategy provides appropriate control signals. Distinct from the aforementioned self-paced approaches are those using brain activity elicited as a response to external stimuli: among these externally-paced BCIs are those based on the steady state visual evoked potential (SSVEP allows the subject to select one out of several simultaneously presented flickering visual stimuli) [34, 35] and the P300 (elicited using odd-ball paradigms) [17] .
Output and Feedback Methods
Whichever mental strategies and brain activity markers are used, subjects generally need training before they have sufficient control over their brain activity. Training involves not only the simple practice of the mental tasks used but also an implicit fine-tuning of brain activity that can only be established by implicit learning using real-time feedback of ongoing brain activity. Feedback is thus a very important component in the training phase, as well as during application. Most BCIs to date present their output (feedback) on a computer screen in the form of letters, icons, or arrows. This facilitates training, but the output from a BCI has no clear restrictions and currently includes robotic arm movements, wheelchair control. Some studies have begun to investigate the possibility of controlling neuroprostheses via a BCI [5, 29, [36] [37] [38] . Feedback, or output, can be discrete or continuous, realistic (e.g. hand grasp), or virtual reality [9, 38] .
In two experiments, attempts were made to control either a real hand (via neuromuscular electrical stimulation) or an artificial hand in users with a complete lesion of the cervical spinal cord [39, 40] with some success. However, some researchers have pointed out that BCIs are not yet reliable or fast enough to be used with some neural prostheses. For example, BCIs are not yet useful for controlling walking induced by functional neuromuscular electrostimulation (FES) due to their current low reliability, which has not improved much since a 2003 report by Sinkjaer et al. [41] . Indeed, were a BCI used for controlling gait, at the time of this writing, the user would risk falling every few steps. Although recent studies have begun to evaluate the use of vibrotactile feedback [34, 42] , most studies to date have employed only visual or auditory feedback presentations. But within the visual and auditory domains, different types of feedback have been pioneered [43] . Particularly, the experiment of Barbero and Grosse-Wentrup [43] showed that for an optimal feedback design in BCIs, the current skill level of the participants must be taken into account. In this study, the investigators aimed to study how BCI-performance is affected by biasing (i.e., no bias, strong positive bias, weak positive bias, strong negative bias, and weak negative bias) the belief participants have on their level of control over the BCI system. The authors noted that participants capable of modulating their sensorimotor rhythms (SMR) to some level were impeded by inaccurate feedback, whereas participants normally performing on or close to chance level may essentially benefit from an incorrect belief on their performance level.
Neuper et al. [44] recently demonstrated that continuous visual BCI feedback clearly modulates sensorimotor EEG rhythms, however, no significant differences between feedback conditions were found when a realistic feedback (i.e., a grasping hand) and an abstract feedback (i.e., a moving bar) were applied to the subjects. The researchers observed that when the feedback provided equivalent information on both the continuous and final outcomes of mental actions, the presentation form (i.e., abstract versus realistic) did not influence the performance, that is, no difference between sessions. It seems that there was no influence of the feedback on task performance, probably by a short training period or because the participants started at a high performance level. Moreover, in both conditions, the feedback stimuli seemed to become directly associated with the action goal during online control, and therefore, were able to enhance the desired electrophysiological signals for subjects accurately performing the task. Within this context, such findings have a practical interest for classifier development and BCI use for motor restoration.
EEG-BASED BCIs
In a typical EEG-based BCI setting, subjects are exposed to stimuli or are required to execute mental tasks while their cortical activity is being recorded by EEG. Within this context, the relevant EEG features extracted are then fed back to users by a so-called closed-loop BCI. Specific features of the EEG are thus regulated by BCI users. There are several other noninvasive methods of monitoring brain activity, for instance, transcranial magnetic stimulation [45, 46] , functional magnetic resonance imaging (fMRI) and magnetoencephalography (MEG) [7, 19, [47] [48] [49] ; however, we shall focus on the EEG technique. The EEG-based BCI can be subdivided into groups according to the electrophysiological signals used (Figure 2 ). With this in mind, the following paragraphs will provide a short description of the neurophysiology and of the use of these features for EEG-based BCI.
Slow Cortical Potential (SCP)
SCPs were among the first signals to be used to drive a BCI system and can be interpreted as an evoked response, time-and phase-locked to an event. Because of this, averaging repeated signals will increase the signal-to-noise ratio [50] . Users have to produce positive or negative SCP shifts as compared with the baseline; yet, these shifts must be above or below the predefined threshold to be considered negative or positive. A negative SCP shift represents higher excitability; in contrast to the positive SCP shift, which reflects reduced excitability or even inhibition [6] . With substantial training, control of SCPs to produce positive or negative voltage shifts can be learned and used for basic word processing and other simple control tasks, such as accessing the internet. For instance, in 1999, the very first verbal message ever communicated with a brain-computer interface was seen as a message on screen: written exclusively by regulation of the EEG. In this study, two 'locked-in' patients with ALS were operant conditioned with direct positive feedback selecting letters from computer- presented letter strings using learned voluntary decrease of SCPs. However, this feat required an extensive training period consisting of up to 327 sessions [33] .
Sensorimotor Rhythms
Sensorimotor rhythms (SMR) refer to localized frequencies in the -rhythm (11-13 Hz) and lower ß-rhythm (15-18 Hz) bands EEG activity, which can be recorded over primary sensorimotor cortex (SM1) [6, 29] .
When certain tasks are performed, it is possible to observe changes in on-going EEG activity, the socalled event-related desynchronization (ERD) and event-related synchronization (ERS). These describe transient changes in on-going oscillatory EEG activity, with ERD meaning a relative power decrease and ERS meaning a relative power increase in specific spectral components over defined cortical areas [10, 29] . SMR decreases or desynchronizes with movement, preparation for movement or MI, and increases or synchronizes in the post-movement period [29, 51] . ERD and ERS are examples of induced responses, occurring as a result of changes in the oscillatory behavior of a group of neurons. These responses are not phase-locked, but the power is time-locked to the stimulus, meaning that the power in specific frequency bands must be calculated before averaging across trials [50] . This process is possible only due to a different approach specifically designed to obtain spatial filters called "method of common spatial patterns" (CSP). The CSP technique [52] allows one to determine spatial filters that maximize the variance of signals of a certain condition (e.g., imagination of the right-hand movement) and at the same time minimize the variance of signals of another condition (e.g., imagination of the left-foot movement). Because the variance of bandpass filtered signals is equal to the bandpower, CSP filters are well suited to discriminate mental states or movement-related patterns characterized by ERD/ERS changes. Such changes are based on a decomposition of the raw EEG signals into spatial patterns, which are extracted from two populations of single trial EEG, maximizing the difference between them [53, 54] .
For this process to be useful, the input to the algorithm must be represented in such a way that class-dependent changes in the signal are reflected in a change in signal variance. In the case of ERD in MI, this goal can be achieved by applying a zero-phasedistortion bandpass filter that captures the part of the spectrum in which SMRs are expressed. The variance of the filtered signal, which has zero mean, is a measure of amplitude in the chosen band, i.e., -rhythm (11-13 Hz) and lower ß-rhythm (15-18 Hz) bands. As such, his approach has been successfully applied in BCI systems [55, 56] , in which CSP filters are calculated individually for each subject on the data of a calibration measurement.
Within this context, results from BCI studies have shown that people can learn to control -rhythm (11-13 Hz) or ß-rhythm (15-18 Hz) amplitudes in the absence of any movement or sensation and can use this control to move a cursor to select letters or icons on a screen or to operate a simple orthotic device. For instance, ALS patients were trained to learn to modulate SMR receiving feedback, e.g. controlling cursor movement on a computer screen in one or two dimensions. During each trial of one-dimensional control, patients were presented with a target consisting of a red vertical bar that occupied the top or bottom half of the right side of the screen and a cursor on the left side. The patient's task was to move the cursor so that it hit the target. As a result, low SMR amplitude during MI moved the cursor to the bottom bar, and high SMR amplitude (i.e., thinking of nothing in particular) moved the cursor toward the top bar [57] .
Visual Event-Related Potential (P300)
The evoked response that is used most often for BCI is the P300 [5, 6, 18, 58] . The P300 response can be interpreted as an electrical potential recorded from the nervous system following the presentation of a stimulus. For instance, P300 is typically seen when subjects are required to attend to rare stimuli presented within a stream of frequent standard stimuli, an experimental design referred to as an oddball paradigm. The P300 appears as a positive deflection roughly 300 ms after stimulus presentation and is related to the amount of attention to the stimulus. Thus, in the context of BCI, if a set of distinct visual [59] or auditory [18] stimuli are presented sequentially; the P300 can indicate the stimulus selected by the subject (serving as an 'oddball' by being the stimulus the subject highlights through attention).
In this way, the P300 enables a BCI to convey the subject's request. The P300 has been used repeatedly for speller applications in which letters, numbers, or other visual stimuli are arranged in a matrix, and the rows and columns of the matrix flash in rapid succession while the user focuses attention on the item to be selected. Only the row and column that contain the specific item will generate a P300 potential. For instance, Donchin and colleagues [60] presented the user with a 6 x 6 matrix of characters. The rows and columns in this matrix flashed successively and randomly at a rate of eight flashes per second. The user selected a character by focusing attention on it and counting how many times it flashed. The row or column that contained this character evoked a P300 response, whereas the others did not. After averaging a number of responses, the computer could determine the character's row and column (as the row/column with the highest P300 amplitude) and, thus, the desired character. Nevertheless, to what extent the accuracy of such a BCI requires eye movements (overt attention) or whether it is also feasible for targets in the visual periphery (covert attention) was still unclear, especially with regard to how the BCI visual design could be improved to meet the peculiarities of peripheral vision (e.g., low spatial acuity and crowding). With this in mind, Treder and Blankertz [61] investigated 13 healthy subjects performing a copy-spelling task in which subjects had to count the number of the intensifications of the target symbol while their EEG activity and eye movements were recorded simultaneously. Participants had to fixate a dot in the center of the screen and allocate their attention to a target in the visual periphery. In addition, the effect of visual speller design was examined, by comparing the symbol Matrix to an ERP-based Hex-o-Spell (i.e., twolevels speller consisting of six discs arranged on an invisible hexagon). Thus, the investigators noted an advantage (i.e., less errors, larger ERP amplitude modulation, and better classification) of overt attention over covert attention, and an advantage of the Hex-oSpell over the Matrix. Using overt attention, early ERP components were enhanced by attention in comparison with covert attention, while later ERP components were enhanced for both spellers and were modulated when using the Hex-o-Spell but not when using the Matrix. As a result, classifiers rely mainly on early evoked potentials in overt attention, in contrast to covert attention in which classifiers rely mainly on later cognitive components. Within this context, both overt and covert attention can be used to drive an ERPbased BCI; however, performance is clearly lower for covert attention. Moreover, the Hex-o-Spell outperformed the Matrix, especially when eye movements were not permitted; indicating that performance can be increased if one accounts for peculiarities of peripheral vision.
Steady-State Visual Evoked Potential (SSVEPs)
Another type of evoked response is the SSVEP, which refers to a periodic signal that is modulated with a known periodic pattern. This pattern can be traced in measurements of brain activity recorded at occipital brain areas, when the subject is focusing on a flickering visual stimulus at different frequencies [62] , each encoding a different command (up/down/right/left); those signals are then processed to move the cursor. The oscillation frequency of the SSVEP is driven by that of the attended stimulus, which allows the subject to select one out of several simultaneously presented stimuli flickering with different frequencies. The power and phase of the signal can be influenced by selective attention by the subject, thus providing a suitable task for a BCI [63] .
Kelly et al. [64] investigated classification accuracies when users were not required to focus gaze on the flickering targets but rather on a fixation cross between two targets (covert attention). A decrease in accuracy was observed from about 95% when the targets were fixated directly, to about 70% in the covert attention condition. Therefore, it seems that this paradigm might be used by 'locked-in' patients who cannot direct gaze, albeit with reduced accuracy. Moreover, a novel independent SSVEP-BCI system, based on covert non-spatial visual selective attention, was created by Zhang et al. [65] . In this experiment, healthy subjects engaged in a task of superimposed illusory surfaces perception induced by two sets of dots with different colors rotating in opposite directions. An online BCI system using attentional modulation of SSVEPs was employed and a 3-day online training was carried out. As a result, in 8 of 18 subjects, a general improvement of control accuracy with training was observed. The findings showed that SSVEP-based BCI paradigms are useful for paralyzed patients with substantial head or ocular motor impairments by employing covert attention shifts instead of changing gaze direction.
To summarize, available P300-, SSVEP-, SMR-, or SCP-based BCIs rely mainly on visual stimuli and visual feedback. Although, these BCIs do not depend on voluntary muscle control (i.e., eye movements), they nevertheless do need the users to be able to maintain gaze [66] [67] [68] . In addition, the BCIs certainly depend to some degree on normal brain functions. All things considered, the electrophysiological signals reflect a combination of cortical and subcortical functions. For instance, impairments of cortex (e.g., ALS and stroke), basal ganglia, or other subcortical areas that interact with cortex (e.g., cerebral palsy) or loss of afferent input (e.g., brainstem stroke or spinal cord injury) could affect the user's ability to achieve control of SSVEP, P300, SMR, or SCP. Thus, the ability to use the BCI's systems and the best alternative among the different types of them, are likely to differ among users [67] . Moreover, people who are severely disabled might not have the visual acuity or gaze stability needed to see the visual stimuli associated with BCI use, particularly if the stimuli change rapidly. Thus, BCI systems that use auditory rather than visual stimuli might be preferable, or even crucial, for some users [69, 70] .
TYPES OF BCI
BCIs have been categorized in many ways in recent years. Although not all BCI researchers use the same terminology, some subdivisions of BCIs are used. With this in mind, we will present the most common subdivisions (i.e., dependent, independent, synchronous and asynchronous BCIs) of BCI and their functions. These subdivisions have so far been studied mostly in mutually exclusive fashion, but future BCIs may combine some or all of the above in one system, the called hybrid BCI.
Dependent vs Independent BCIs
BCI systems can be classified as dependent or independent [5, 71] . Dependent BCI requires some muscle control to produce the neural activity used for communication or control [5, 71] , such as the SSVEP which usually depends on gaze control and thus on muscle activity. This type of dependent BCI presents the user who is paralyzed with a matrix of letters that flash one at a time, and the user selects a specific letter by looking directly at it so that the visual evoked potential (VEP) is recorded over visual cortex when that letter flashes is much larger that the VEPs produced when other letters flash.
Therefore, the relevant signal is coming from the EEG but is due to the mechanisms of sight. Specifically, the brain's output channel is the EEG, but the generation of its signal depends on gaze direction and therefore on extraocular muscles [16] . This technique is essentially an alternative method for detecting messages carried in the brain's normal output pathways: in the present example, gaze direction is detected by monitoring EEG rather than by monitoring eye position directly. Although dependent BCIs may be of use for a variety of applications, individuals without motor control may not be able to use them [72] . Independent or 'pure' BCIs do not require any muscle control. In other words, this type is entirely free from the physiological output pathways of the brain, as the relevant signal is not generated by propagating signals along peripheral nerves, muscles, or other physiological outputs. The user may simply imagine or feel a limb moving without the real movement. In this way, the brain signals would then reveal the user's mental task regardless of control of the limb [6] . For example, typical P300-based BCIs presents the user with a matrix of letters that flash one at a time, and the user selects a specific letter by producing a P300-evoked potential when that letter flashes. This response appears to be independent of muscle activity, and the generation of the EEG signal depends mainly on the user's intent, not on the precise orientation of the eyes. Furthermore, for people with the most severe neuromuscular disabilities, who may lack all normal output channels, including extraocular muscle control, independent BCIs, are likely to be more useful [73] . On the other hand, less severely disabled patients would benefit from dependent BMIs as well. Thus, which type one chooses depends on the application scenario and the population one targets.
Synchronous vs Asynchronous BCIs
The mode of operation determines when the user performs a mental task and thereby intends to transmit a message. In principle, there are two different modes of operation [38] . The first is computer-driven, meaning that operation is externally paced by a cue (cue-based or synchronous BCI). In the case of a synchronous BCI, the mental task has to be performed in predefined time windows following a visual or auditory cue stimulus [74] . The time periods during which the user can exert control, for example, by 'producing' a specific mental MI, are determined by the system, and the processing of the data is limited to these fixed periods. The majority of work in current BCI research is based on this synchronous mode [38] . This mode has been applied to control locomotion in a virtual reality environment (i.e. a virtual street). In this case, forward walking was controlled by imagination of leg/foot movements and to stop the walking, right hand movement was imagined [74] .
The second mode is user-driven, internally paced without using any cue (uncued or asynchronous BCI). The asynchronous BCI requires a continuous analysis and data-driven feature extraction from the recorded signals. In this way, the system must be able to recognize when an intended mental state occurs.
Asynchronous operation is thus more complex than a synchronous BCI. On the other hand, the former allows a more natural form of communication because the user can decide when a command should be sent [38, 74] . Asynchronous BCI has been used to control, via functional electrical stimulation, hand grasp function in tetraplegic patients, using the dynamics of brain oscillations caused by foot MI [29, 75] . Other asynchronous BCI studies based on hand or finger MI have been used for cursor control in tetraplegic patients [76] and spelling device control in healthy patients [77, 78] .
Although this kind of BCI provides more freedom, the system may be more vulnerable to the phenomenon of unrelated activity being interpreted as a message or command. If a command could come at any moment, the brain signals are analyzed for possible commands continuously. Continuous feature extraction thus increases the possibility of 'false positives'; erroneous mental state detection, if only because more brain signals are analyzed. These issues have fostered the exploration of methods for turning a BCI on or off with brain activity. Although more problematic, asynchronous operation can be developed further because for real-world applications, when the user needs full control over timing and speed of BCI operation, the asynchronous communication mode is highly desirable [38, 79] .
Hybrid BCIs
Recently, however, researchers introduced a novel combination of tasks that could inspire BCI systems and that seem to be more accurate than conventional BCIs, especially for users who cannot attain accuracy adequate for effective communication [80, 81] . This novel system is called hybrid brain-computer interface (BCI), composed of two BCIs or at least one BCI and another system. A hybrid BCI, like any BCI, must fulfill the following criteria-the device must rely on signals recorded directly from the brain, there must be at least one recordable brain signal that the user can purposely modulate to effect a goal-directed behavior, real time processing, and the user must get feedback. In view of that, Pfurtscheller et al. [81] described BCIs that classify ERD/ERS, and SSVEP that can either process their inputs concurrently or operate two systems successively, wherein the first system can act as a "brain switch", for instance, the ERD. Within this context, Allison et al. [80] evaluated the feasibility of combining two mental tasks that simulated a simultaneous hybrid BCI. Each trial of the experiment began with an arrow pointing to the left or right sides, indicating that the subject should perform a left or right MI task. In the ERD condition, subjects imagined left and right hand movement. In the SSVEP condition, the left arrow cued the subject to focus attention on the left LED that flickered at 8, while the right arrow cued the subject to focus attention on the right LED that flickered at 13 Hz. In the hybrid condition, the left arrow cued the subject to simultaneously imagine left hand movement and focus attention on the left LED, while the right arrow cued the subject to simultaneously imagine right hand movement and focus attention on the right LED. The classification accuracy was highest in the hybrid condition, although without statistical significance. In addition, in both ERD and SSVEP conditions, some subjects could not attain proficiency, resulting in low classification accuracy for an effective communication. Yet, when these subjects were not proficient with either the ERD or SSVEP BCIs, they were usually proficient with the other type of BCI. Taking these findings into account, it seems a subject who could not use an ERD BCI might attain proficiency with an SSVEP BCI and vice versa. With regard to the hybrid condition, the number of subjects who cannot attain proficiency was significantly lower than in the ERD condition, whereas no significant difference was observed in the number of subjects that could not attain proficiency in the SSVEPhybrid comparison or the ERD-SSVEP comparison. These findings validate the hybrid BCI and suggest that subjects who cannot use a BCI (i.e., ERD or SSVEP BCI) ought to consider switching to a new BCI system, particularly a hybrid BCI. Therefore, a hybrid BCI using two tasks might be more accurate than a conventional BCI using either task (i.e., MI or SSVEP BCI). For this reason, the subjects' proficiency with both BCIs might be combined to increase information output by improving the accuracy, reducing the selection time, and/or increasing the number of possible commands.
CLINICAL APPLICATION OF EEG-BASEDBCI
BCI technologies have wide range of potential applications, ranging from simple to complex. Simple BCI applications have been validated in the laboratory but are in limited clinical use. These methods include systems for answering "yes" or "no" to questions, managing basic control of the user's environment (e.g., lights and temperature), controlling a television, or opening and closing a hand orthosis. These simple systems can be configured for basic word processing, sending e-mails, accessing the internet, or operating a motorized wheelchair. In relation to these issues, some people who are severely disabled currently use EEG-based BCI systems for important purposes in their daily lives [82] These systems might also support more complex applications, such as the operation of a robotic arm or a neuroprosthetic limb that provides multi-dimensional movement to an otherwise paralyzed limb, e.g., for hemiparetic stroke patients. Although many efforts are focusing on developing invasive BCI systems for these complex uses [83] , non-invasive EEG-based BCIs might also serve these purposes [14, 35, 84] . Naturally, non-invasive applications would, once they are fully functional, be preferable. Such BCI applications might enable mainly people who are almost totally paralyzed (i.e., "locked-in" or "tetraplegia") to have a higher quality of life that can also be productive.
In addition to assisted communication, BCIs involving operant learning of EEG slow cortical potentials and sensorimotor rhythm were demonstrated to be successful in drug-resistant focal epilepsy and attention deficit disorder [6, 71] . The future importance of such BCI applications will depend on their capacities, practicality, and reliability, their acceptance by particular groups of users, and on the extent to which they have substantial advantages over conventional assistive technology. So, given this promise of BCI in patient populations, we should evaluate what has actually been achieved in patient groups thus far.
Amyotrophic
Lateral Sclerosis (ALS) and Communication with BCI In 2006, Pfurtscheller et al. [29] reported a case of a patient (60 years of age, male) who had suffered from amyotrophic lateral sclerosis (ALS) since 1998 and had lost almost all voluntary muscle control. After training in a basket paradigm, in which the goal was to hit a target positioned at the bottom of a screen by controlling the horizontal position of a ball falling at a constant speed from the top of the screen, he learned to reliably produce two different EEG patterns (imagination of left and right hand movements). The first one was characterized by a broad-banded ERD and the other one by a narrow-banded ERS in the form of induced 10-Hz oscillations (ERS), similar to able-bodied subjects.
The BCI-control achieved enabled the patient to use a 2-class virtual keyboard based on spelling. Birbaumer et al. [33] , and Kübler et al. [68, 85] reported on several ALS patients with several degrees of impairment (no eye and sphincter movements or other form of motor activity present or paralysis of legs or arms) trained with SCP, P300 and the SMR BCI systems. Although seven patients were excluded after the training because they were not able to use the BCI system, most patients achieved significant control over their brain activity and were able to select letters and write words with one of the three BCI systems. Six patients achieved complete independence of communication with the BCI. From the studies summarized, which of the three non-invasive BCIs is the most promising is not clear. With this in mind, eight severely paralyzed patients with ALS were trained with SCP, P300, and SMR BCIs in a balanced crossover-within-subject design. In other words, the patients were confronted with various types of BCI to provide them with a system that works best for the individual patient and to determine whether one BCI type would be superior to another. Each training block of each BCI type lasted 20 sessions. SCP and SMR BCI improved control of brain activity within this short training period but were not good enough to select letters (70% minimum success rate). The fastest acquisition and fastest spelling rates were achieved with the P300 BCI, with more than 70% accuracy in using the spelling system [86] .
Paralysis from Spinal Cord Lesions
In 2000, Pfurtscheller et al. [40] reported a young tetraplegic patient (i.e., 22 years old) who had suffered from a traumatic spinal cord injury since 1998 but after extensive training to increase and decrease central murhythms was able to control an electrostimulation device (FES) applied to the hand muscles. The patient was thus able to grasp a glass and bring it to his mouth after he had learned with feedback and reward over a period of 4 months to regulate his mu-rhythm. Three years ago, Pfurtscheller et al. [75] studied with spinal cord injury (SCI) patients a self-paced MI-controlled operation of a neuroprosthesis. The grasp function of the left hand of the first patient (29 year, male, SCI at level C5) was restored with FES using surface electrodes. During a 4-month ERD-BCI-training period, the patient learned to induce 17-Hz oscillations by means of foot MI that became sufficiently dominant to control the FES device. The second patient (42 years old, male, SCI sub-C5) had a freehand system implanted in his right hand and arm. Within 3 days of feedback training, he learned to reliably induce an ERD pattern during left-hand MI and thus to generate a binary control signal. In this case, the self-paced BCI system emulated the shoulder joystick that is usually used to operate the freehand system. With the BCIcontrolled freehand system, the patient successfully executed parts of a hand-grasp performance test. These experiments may serve as evidence for the feasibility of controlling an implantable neuroprosthesis via a noninvasive BCI. Those findings provide the basis for the development of 'thought'-controlled neuroprostheses that might help patients with severe paralysis to regain control over their bodies.
Stroke Rehabilitation
In 2009, Ang et al. [87] investigated the effects of a SMR-BCI system based on MI for upper limb robotic rehabilitation in hemiparetic stroke patients. Patients were randomly divided into two groups; MI-BCI robotic rehabilitation (n = 8) and standard robotic rehabilitation (n = 10). Each subject underwent 12 sessions of 1-hour rehabilitation for 4 weeks. Significant gains in FulgMeyer scale scores were observed in both groups at postrehabilitation and 2-month post-rehabilitation. The experimental group yielded a higher 2-month postrehabilitation gain than the control (6.0 versus 4.0) but no significance was found. Nevertheless, among subjects with positive gain (n = 6, n= 7, respectively), the initial difference of 2.8 between the groups increased to a significant 6.5 after adjustment for age and gender. Therefore, this study provides evidence that BCI-driven robotic rehabilitation is effective in restoring motor control for hemiparetic stroke patients.
A similar procedure was used by Broetz et al. [88] to reduce focal impairments for a hemiplegic stroke patient with no active finger extension. Training with an SMR-BCI combined with a daily life-oriented physical therapy protocol was applied. The SMR-BCI was used to drive an orthosis and a robot affixed to the patient's affected upper limb through MI of grasp movements, which enabled him to move the paralyzed arm and hand driven by voluntary modulation of -rhythm activity. The goal-directed physical therapy training (i.e., grasp movements and walking) was performed over a period of 1 year, during which patients completed 3 training blocks. In this way, the upper limb motor functions and brain reorganization were repeatedly assessed along the study using sensorimotor scales and tests (e.g., Fugl-Meyer, Wolf Motor Function, and Modified Ashworth) and using fMRI and MEG. The ability of upper limb movements improved significantly by 46.6%, and its improvement was associated with increased -rhythm activity in the ipsilesional motor cortex. The findings indicate that the BCI training combined with goal-directed physical therapy protocol may improve the motor functions of chronic stroke patients despite visible initial paralysis.
Downregulation of Cortical Excitation in Epilepsy and Attention Regulation in ADHD
In 1977, Sterman [6] reported that humans were trained to increase SMRs and after extensive training, some patients with drug-resistant epilepsy were able to demonstrate seizure reduction and remission. In a few studies [89, 90] , patients with focal epileptic seizures were trained to down-regulate cortical excitation by rewarding them for positive cortical potentials and perception of SCP changes. After 35 sessions of training, some of these patients gained close to 100% control over their SCPs and consequently there was a strong decrease of seizure activity. Clinically the BCI training with focal intractable epilepsies was highly successful in reducing seizure frequencies; on average to half of the baseline and controls. One to two years of follow-ups demonstrated stable improvements and some patients remained seizure free. Only patients with very high negative SCP amplitudes before training did not profit from this SCP-BCI [89] .
A similar procedure was applied in children with ADHD [91, 92] . The studies showed that both learning to induce an increase of central-frontal negativity of SCPs and increase of SMRs and beta frequencies improves the symptoms. These EEG changes were associated with an improvement of ADHD symptoms comparable with medication effects (i.e., Methylphenidate). No difference inefficacy was found between SCP, beta frequency, or SMR training, suggesting that the behavioral effects rely on the convergence of control of different EEG activities on a final common therapeutic pathway, possibly an improvement in the general capacity to regulate attention via brain regulation.
CONCLUSION AND FUTURE CONSIDERATIONS
EEG-based BCI proposes the development of interfaces based on the interaction of neural networks with artificial tools to restore motor control and full mobility of the injured area. The cortical physiology that corroborates the manner in which a human brain encodes intentions is beginning to be understood and will have a substantial affect in augmenting function in those with various forms of motor disabilities, such as post-stroke patients and tetraplegic people. As research stretches beyond motor physiology, the field of EEG-based BCI stands to further expand its applications and the diversity of the clinical population served. Given the rapid progression of EEG-based BCI over the past years and the concomitant swift ascent of computer processing speeds and signal analysis techniques, this approach will yield new feasible clinical applications in the near future.
